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Customers select suppliers based on the relative importance of different 
attributes such as quality, price, flexibility, and delivery performance. This study 
examines the difference between managers' rating of the perceived importance of 
different supplier attributes and their actual choice of suppliers in an experimental 
setting. We use two methods: a Likert scale set of questions, to determine the 
importance of supplier attributes; and a discrete choice analysis (DCA) experiment, to 
examine the choice of suppliers. The results indicate that although managers say that 
quality is the most important attribute for a supplier, they actually choose suppliers 
based largely on cost and delivery performance. 
 
Introduction 
During recent years supply chain management and the supplier (vendor) selection 
process has received considerable attention in the business management literature. In one of 
the widely cited articles on operations strategy, Miller et al. [35] classify supply strategies as 
one of the strategic operating choices. Additionally, with the increase in use of total quality 
management (TQM) and just-in-time (JIT) concepts by a wide range of firms, the supplier 
selection question has become extremely important. In a recent study, Flynn et al.[18] found 
supplier involvement to be an important dimension of quality management. Bankar and Khoska 
[4] classify the supplier selection process as an important operations management (OM) 
decision area. They suggest that OM research should attempt to identify the supply chain 
management practices that provide competitive advantage. Karmarkar [29] also identifies 
supply chains as multi-disciplinary in nature and recommends an integrated OM/marketing 
approach. 
Dickson [15], in one of the early works on supplier selection, identified over twenty 
supplier attributes which managers tradeoff when choosing a supplier. Since then, a number of 
conceptual and empirical articles on supplier selection have appeared [43]. The conceptual 
articles by Ansari and Modarress [2, 3], Benton and Krajewski [6], Bernard [7], Browning et al. 
[9], Burton [10], Hahn et al. [24], Jackson [28], Kraljic [30], Sheth [38], and Treleven [39] are 
examples of publications emphasizing the strategic importance of the supplier selection 
process. The above articles (and several others) highlight the tradeoff among quality, cost and 
delivery performance measures in the supplier selection process. 
Weber and Current [42] proposed a multi-objective approach to vendor selection. Their 
methodology provides a useful decision support system for a purchasing manager faced with 
multiple vendors and tradeffs such as price, delivery reliability, and product quality. In Weber 
and Current's [42] approach, the goal is to determine an acceptable set of solutions (number of 
vendors and order size from each vendor). 
A number of empirical articles on supplier selection have also appeared. Based on 
empirical data collected from 170 purchasing managers, members of the National Association 
of Purchasing Managers, Dickson [15] identified quality, cost, and delivery performance history 
as the three most important criteria in vendor selection. Cardozo and Cagley [11], Chapman 
[12], Chapman and Carter [13], Dempsey [14], Hakansson and Wootz [26], Monczka et al. [36], 
Wagner et al. [41] and several other authors have evaluated the relative importance of quality, 
cost, delivery performance, and other supplier attributes. According to a review of 74 articles 
discussing supplier selection criteria, quality was perceived to be most important followed by 
delivery performance and cost [43]. In summary, most of the articles referenced above suggest 
that managers perceive quality to be the most important supplier attribute. The conceptual 
articles emphasize that managers should not select suppliers based on low cost only but should 
consider quality, delivery performance and other attributes. 
While the supplier selection literature is rich in terms of: (a) conceptual and empirical 
work and (b) decision support methods for purchasing managers, none of the articles cited 
above has studied how managers actually choose suppliers. The past empirical articles are 
based on the managers' rating of the perceived importance of different supplier attributes. An 
actual choice of supplier involves evaluating the characteristics of the suppliers based on their 
attributes and selecting one or more supplier(s) that best suit the needs of the firm. 
It can be argued that it is extremely difficult for any one supplier to excel in all 
dimensions of performance. For example, a high quality supplier might not be the one with 
lowest cost components. It is also possible that the components delivered by a particular 
supplier excel in a few quality dimensions (reliability, features) while some other supplier might 
be superior in other quality dimensions (for example, durability or aesthetics). Therefore an 
actual choice generally involves tradeoff among the attribute levels of different suppliers [5, 
32]. 
The objective of this study was to test how managers actually choose suppliers. The 
empirical results presented later in this article show that the relative importance of different 
supplier attributes in actual choice of suppliers are not the same as the perceived importance of 
the attributes. For example, it appears that managers perceive quality to be the most important 
attribute but they assign more weight to delivery performance and/or cost when actually 
choosing a supplier. These results imply that even though the managers believe that several 
attributes (for example, quality) are important for supplier selection, in actual practice the low 
cost supplier is selected. We believe that these results have important implications for 
operations strategy implementation and supply chain management. To our knowledge, none of 
the published studies has presented such analyses of the supplier selection process. 
Specifically, we examine the perceived importance of supplier selection criteria (quality, 
cost, delivery performance) and identify the relative weights of the attributes in actual selection 
of suppliers. In addition to quality, cost, and delivery we also identify the relative importance of 
¯flexibility, the fourth operations objective identified by Hayes and Wheelwright [27] and other 
operations strategy researchers [1, 16]. The following two research questions explore the above 
ideas: 
Research Question I: What are the perceived importance of quality, cost, delivery, and 
flexibility attributes in the supplier selection process? 
Research Question II: How do managers tradeoff among quality, cost, delivery and 
flexibility attributes when actually choosing a supplier? 
We used two different data collection and analyses procedures to explore the above 
research questions. A survey instrument containing Likert-type scale questions was used to 
explore Research Question I. We used an econometric procedure known as discrete choice 
analysis (DCA) for quantifying the relative weights of attributes when actual supplier choice is 
made (Research Question II). The following sections describe the research design, data 
collection and analyses procedures, and discuss the empirical results. 
Research Method 
An empirical study was designed to evaluate the supplier selection process. The sample 
group consisted of manufacturing companies, specifically metal processing and producers of 
small machine tools and tooling in the western United States. The population included 323 
companies with SIC codes of 33, 34, and 35 registered with two western states (Utah and 
Arizona) in 1994. The actual data from the managers were collected during the first half of 
1995. 
Operations managers or the managers with purchasing/supplier selecting responsibility 
were contacted by phone and were requested to participate in the survey. It was also ensured 
that the company manufactured appropriate product(s) (with SIC code 33, 34 or 35), and 
confirmed that the company employed at least 15 people. From the original population, 139 
managers agreed to participate in the study. Survey instruments along with the cover letter, a 
postage-paid business reply envelope, and a forwarding letter from the management 
department of a large state university in the western United States were mailed to the 
managers. 
As mentioned earlier, a Likert-type scale was used to explore the perceived importance 
of various supplier attributes. The respondents were asked to evaluate the relative importance 
of five broad supplier attributes from 1 (least important) to 5 (most important). Past research in 
supplier selection has identified quality, cost and delivery performance as important attributes. 
For this study, delivery performance is measured with two separate attributes, delivery lead-
time and on time delivery performance. Both of these criteria are important for the customer's 
production planning and scheduling, particularly for JIT manufacturers [3]. Flexibility has been 
identified as another operations objective (or competitive priority) and therefore was included 
as one of the attribute [27]. Table 1 lists the five items used to explore Research Question I. 
Next, we used discrete choice analysis (DCA – also known as choice-based conjoint 
analysis) to identify the actual supplier choice process. Past research in econometrics, 
marketing, and other social sciences has shown that DCA is an effective methodology for 
analyzing choices in complex decision making situations (such as supplier selection) [5, 33]. 
Discrete choice analysis is a systematic approach for identifying the relative weights of 
attributes among which the decision maker tradeoffs when choosing an alternative from a 
possible set of alternatives. This approach is based on an econometric model called multi-
nomial logit (MNL), which uses a maximum likelihood estimation scheme to maximize the 
probability of choosing an alternative with given attribute levels. This approach has been 
successfully used for a variety of choice or tradeoff-type applications in marketing, consumer 
research, transportation, recreation and leisure research, hospitality, sociology and other social 
sciences (for example Refs. [19, 31, 40]). Later in this article we will present a brief overview of 
DCA for the purpose of explaining the research approach and the data analysis. 
 
 
 
 
 
Table 1. Perceived importance of supplier attributes 
Discrete choice analysis involves designing several experimental profiles (alternatives) of 
the decision situations (for example – profiles of suppliers with different quality, cost, delivery 
and flexibility attribute levels) and asks the decision maker(s) to choose an alternative from a 
set of possible choices. Therefore the choice (or tradeoff) pattern can be hypothesized to be 
dependent on the attribute levels used to design the experimental profiles (the alternatives are 
designed according to pre-determined experimental design procedures and hence the 
researcher controls the levels of independent variables). The distribution of dependent variable 
(choice) is determined by the decision-maker (for example, managers). 
Experimental design for a discrete-choice analysis starts with the identification of 
determinant attributes used by the decision-maker in the evaluation process. Market surveys, 
interviews, case studies, and/or focus groups can be conducted to identify a set of relevant 
attributes. In the case of supplier selection process however, the past research has identified 
quality, cost, delivery lead time, on time delivery, and flexibility as important attributes. 
Therefore, in this study, the five attributes listed in Table 1 were used as supplier attributes. 
After the identification of the relevant attributes and their possible 
numerical/categorical values, experimental design procedures are utilized to generate a set of 
alternatives. According to Louviere [32], most practical conjoint studies involving four or more 
attributes at two or more levels rely on fractional factorial designs to limit the number of 
experimental profiles. Green and Srinivasan [20] and Greenberg [22] suggest that respondents 
evaluate no more than 30 profiles. Most researchers attempt to limit the number of profiles to 
16 or less to prevent degradation of response quality. To reduce the number of profiles, 
researchers can do both of the following: (a) limit the number of attributes and attribute levels 
and (b) use fractional factorial designs capable of estimating all main-effects and a limited 
number of interactions. Over the last several years, a number of fractional factorial design 
procedures have been developed by applied statisticians which can be used to design discrete 
choice experiments. See Refs. [8, 21, 25, 32, 34] for detailed discussions on fractional factorial 
design of experiments. 
In order to limit the complexity of the experimental design, we chose to consider only 
two levels of each of the five attributes. A full profile design would require 25 (32) experimental 
profiles to estimate the main effects and all possible interactions among these independent 
variables. While a small number of profiles are required for main effects only, Hagerty [23] 
recommends that whenever possible, two-way interactions among the attributes should be 
estimated also. Thus to get main and two-way effects, we used a standard one-half fraction of 
the 25 factorial design [25]. This design makes it possible to estimate all the main effects and 
two-way interaction terms with only 16 profiles. 
Table 2 lists the five attributes and their two levels and experimental design codes. The 
design codes -1 and +1 represent the two levels of the attributes. The design procedure was 
“balanced” therefore -1 and +1 levels appear an equal number of times for all the attributes in 
the experimental profiles. This procedure assures no bias towards +1 levels or -1 levels in the 
experimental design. The fractional factorial design matrix used to generate the supplier 
profiles is presented in Table 3. 
 
 
 
Table 2. Supplier attributes 
A typical discrete-choice experiment shows two or more alternatives to the decision-
maker at the same time and asks him/her to choose the preferred alternative. This choice task 
is repeated several times (equal to number of product profiles generated by the fractional 
factorial design). Since the researcher manipulates the attributes (independent variables), the 
decision-maker's choice (dependent variable) can be hypothesized to be affected by the 
determinant attributes. 
 
 
 
 
 
 
 
 
Table 3. Fractional factorial design matrix 
The experimental design matrix presented in Table 3 was used to generate discrete 
choice experiments for the managers. The 16 profiles presented in Table 3 were paired with 
their respective “foldover” design. The attribute levels in a foldover design are the opposite of 
the original design. For example, the design code for all variables in the first profile is -1, 
therefore the foldover design code for all variables will be +1. The discrete choice experiment 
asked the managers to choose between a supplier with attributes presented in Table 3, its 
foldover design supplier, or neither. The managers made 16 separate choices. A sample discrete 
choice set is represented in Table 4. 
Data Analysis Procedure 
The data collected from the Likert type scale questions can be assumed to be on an 
interval scale and hence means can be compared as a measure of relative perceived 
importance of the supplier attributes [17]. Past empirical studies have used this analysis 
procedure. (Alternatively, medians can be compared if the data cannot be assumed to be 
interval scaled). 
The data collected by the discrete choice analysis are categorical in nature. The 
multinomial logit (MNL) regression is the appropriate statistical procedure for analyzing such 
choice data [5]. A MNL regression model represents the probability of selecting an alternative 
from a possible set of alternatives. The multinomial logit model is expressed as 
𝑃𝑖𝑗 =
𝑒𝜇𝑉𝑖𝑗
∑ 𝑒𝜇𝜇𝑉𝑘𝑗𝑘=1,𝐾
                                     (1) 
where 𝑃𝑖𝑗 represents the probability of selecting alternative 𝑖 from the 𝑗th choice set containing 
K possible choices. 𝑉𝑖𝑗 in Equation (1) represents the systematic utility of alternative I in choice 
set j. The multinomial logit model assumes that the errors are independent and identically 
distributed according to a Gumbel distribution with a scale parameter 𝑚. Representing a choice 
alternative as a bundle of its attributes, and by assuming an additive utility function, 𝑉𝑖𝑗 can be 
calculated in the following manner 
𝑉𝑖𝑗 = ∑ 𝛽𝑙𝑥𝑖𝑗𝑙
𝑙=1,𝐿
                                              (2) 
where 𝑥𝑖𝑗𝑙  is the level of attribute 𝑙 of alternative 𝑖 in choice set 𝑗 and 𝛽𝑙 is the relative utility 
weight (part-worth utility) associated with attribute 𝑙 [5]. The total number of attributes is 𝐿. 
There are a number of general approaches to finding 𝛽 parameters, however, in practice the 
maximum likelihood estimation procedure is used. A maximum likelihood estimator is the value 
of the 𝛽 parameters for which the observed sample is most likely to have occurred [5]. 
Therefore the likelihood function for 𝑀 subjects can be represented as 
𝐿 = ∏ ∏ ∏ 𝑃𝑖𝑗
𝑌𝑖𝑗𝑚
𝑗=1,𝐽𝑙=1,𝐿𝑚=1,𝑀
                                (3) 
𝑌𝑖𝑗𝑚 = 1 if subject m chooses alternative 𝑖 in choice set j, 𝑌𝑖𝑗𝑚 = 0 otherwise. 
We used the NTELOGIT program to estimate 𝛽 parameters for the supplier selection 
process [37]. NTELOGIT calculates the 𝛽 parameters for an aggregate sample data using the 
maximum likelihood estimation procedure. The ``goodness-of-fit'' statistics were also 
calculated. Please refer to Appendix A for details on these statistics. 
Results 
The survey was mailed to 139 managers and 58 completed useable surveys were 
received for a response rate of 41.7%. Table 5 presents the descriptive statistics of data 
collected by the Likert-Type Scale questions. The results show that managers perceive  
“Quality” to be most important supplier attribute, followed by “On Time Delivery” and “Unit 
Cost of Parts”. This result is consistent with the past studies, which have shown that managers 
perceive quality to be the most important supplier attribute [43]. It is interesting to note that 
the first delivery performance measure “On Time Delivery” is rated to be more important than 
“Unit Cost” but the second measure of delivery performance “Delivery Lead Time” is rated to 
be less important than “Unit Cost.” Flexibility in changing the order was perceived to be the 
least important among the five attributes. 
Table 5 also lists the standard deviations for the five variables. Since the standard 
deviation values are relatively large (between 0.69 to 1.08), statistical tests are not likely to 
show differences between the mean perceived importance of the variables. All possible 
multiple pairwise comparisons were conducted and only the mean of ``Quality'' was statistically 
different from all the other variables. The median perceived importances for the five variables 
are also shown in Table 5. This shows that quality is perceived to be the most important, 
followed by equal weight for unit cost and delivery performance measures. 
Table 6 presents the MNL regression model for the supplier choice process. NTELOGIT 
was used to estimate MNL regression model from data collected by the discrete choice 
 
 
 
 
Table 5. Descriptive statistics for likert-type scale questions (#) 
 
 
 
 
 
 
 
 
 
 
 
Table 6. Multinomial logit main effects model (#) 
analysis. McFadden's 𝜌2 and adjusted McFadden's 𝜌2 measures (similar to 𝑅2 and adjusted 𝑅2 
in Ordinary Least Square regression) were found to be 0.7569 and 0.7510, respectively. It 
means approximately 75% of the variation in the dependent variable (choice or tradeoff 
pattern) is explained by the estimated MNL regression model. Therefore it can be concluded 
that the empirical data fit the MNL model extremely well. The log likelihood ratio was 
estimated to be 1548.34 (w2 with 6 degrees of freedom; p-value < 0.05) which is statistically 
signi®cant at the 5% level. The other two goodness-of-fit indices AIC and CAIC were also >0, 
implying that the empirical data fits the estimated MNL model well. Please refer to the 
Appendix for information related to the goodness-of-fit statistics described above. 
Table 6 also indicates that the part-worth utilities (weights or parameter estimates) for 
Cost, Quality, Lead-Time and On-Time Delivery are statistically significant at a = 0.05 (the 
statistical significance of the b parameters were estimated by NTELOGIT using an asymptotic t-
statistic). Since the design codes for the five supplier attributes were standardized (-1 and +1), 
the absolute magnitude of the 𝛽 parameters represents the relative weight of the attribute in 
the supplier selection process. Cost has the highest absolute value, followed by On-Time 
Delivery and Quality. A negative sign of parameter (for example -0.5771 for Cost) indicates that 
a supplier's utility (Equation (2)) will decrease if the attribute's value increases. For example, if a 
supplier has prices higher than its competitors (all other variables being equal), then that 
supplier's overall utility will be relatively lower. Similarly a positive sign of parameter implies 
that the overall utility will increase if the variable value is increased. For example, Table 6 shows 
that managers assign more weight to Cost followed by On-Time Delivery and Quality when 
actually choosing a supplier. Flexibility is not found to be a statistically significant attribute. 
The fractional factorial design used to generate discrete choice profiles was orthogonal 
in nature and therefore it was possible to estimate two-way interactions among the attributes. 
The interaction coeffcients document the non-linear effects of the attributes on the choice 
process.  
Since the Cost, Quality, Lead-Time and On-Time Delivery attributes were found to be 
statistically significant, another MNL logit model was developed which included the interaction 
among these four attributes, in addition to their main effects on the supplier selection process. 
Table 7 presents the MNL “Main Effects + Two-way Interactions” model. The log likelihood ratio 
(1551.88; 𝜒2 with 12 degrees of freedom' 𝑝-value < 0.05), AIC and CAIC show that the overall 
model fits the data well. However, the 𝜌2 for this model was 0.7586 which is only slightly higher 
than the “Main Effects Only” model (Table 6). None of the two-way interactions was found to 
be statistically significant as shown in Table 7 where the non-linear effects of the attributes are 
negligible compared to the main effects. 
Discussion 
The results of the Likert-Type scale questions (Table 5) show that the managers perceive 
quality to be the most important attribute when selecting a supplier. This result is consistent 
with the past research on the topic. The standard deviations for all the variables are relatively 
large, therefore except quality, statistically there are no significant differences among the mean 
scores for the other four variables. On the other hand, the estimated logit model developed 
from the DCA data provides useful information for many types of strategic decisions. First of all, 
it shows that four independent variables are statistically significant in predicting tradeoffs in  
  
 
 
 
 
 
 
 
 
 
 
 
Table 7. Multinomial logit main effects + selected interactions model (#) 
supplier selection process. Additionally a high McFadden 𝜌2 suggests that the estimated MNL 
model fits the empirical data (supplier choice process) very well. 
The MNL regression model shows that the managers assign more weight to cost and on 
time delivery compared to quality. This result is perhaps the most important finding of the 
study. It suggests that even though managers understand and perceive quality to be more 
important than cost, in practice they do not choose supplier based on quality. We believe that 
this result has important implications for practice and future research on supply chain 
management. 
The estimated MNL model can be used to compare the likelihood of choosing a supplier 
from a group of alternatives. A simple example can illustrate the point. Assume that there are 
only two suppliers with the attribute levels shown in Table 8. Supplier 1 has lower costs but 
relatively lower quality and unreliable delivery performance while Supplier 2 has higher cost, 
quality and reliable delivery performance. Given the MNL parameter estimates, Table 8 shows 
that probability of selecting Supplier 1 is 0.3906 while probability of selecting Supplier 2 is 
0.6094. The impact of change in strategies can be easily calculated from the MNL Model. For 
example, assume Supplier 1 increases its quality level from “minimum required” to “far 
exceeding minimum requirement” and Supplier 2 retains its current strategy. Then the 
probability of selection of Supplier 1 and Supplier 2 shift to 58% and 42%, respectively. 
  
 
 
 
 
 
 
 
 
Table 8. Using multinomial logit models: an example 
Conclusions and Directions for Future Research 
Leading publications in business management emphasize the need for understanding 
manufacturing decisions and practices for improving the competitive position of a firm. Various 
publications argue that it is necessary for the manufacturing decisions and choices to be 
consistent with the corporate strategy for effective operations management. The objective of 
this research was to understand one strategic operating decision area: the supplier selection 
process. As more manufacturing organizations adopt TQM and JIT concepts, the role of supplier 
and supply chain management becomes even more important. 
This study was designed primarily to study how managers tradeoff among quality, cost, 
delivery and flexibility attributes when choosing a supplier for major components and/or raw 
materials. In order to compare the choice results with previous empirical studies relating to 
supplier selection, managers were also asked to rate the supplier attributes on a Likert-type 
scale. The results presented in this article show that managers perceive Quality as the most 
important supplier attribute. However the same sample of managers assign more weight to 
Cost and On Time Delivery attributes than Quality when actually choosing a supplier. 
The results presented in this paper have important implications for the operations 
strategy and supply chain management research. It is clear that for the sample of firms studied, 
there is a gap between the perception and actual practice. A possible explanation for these 
results might be that the operating practices in the sample of firms studied are not completely 
consistent with their strategic priorities. It is also possible that the performance evaluation for 
the managers responsible for selecting suppliers are more weighted towards the cost and 
delivery performance measures and therefore even though they perceive quality to be more 
important, it is not the most important criterion when actual choice is made. 
Anderson et al. [1] define operations strategy as a long-range vision for the operations 
function. The plan must be integrated with business strategy and implemented throughout the 
operating decision areas. They suggest that the resulting strategy based on a firm's mission, 
objectives, policies and distinctive competence should guide tactical operating decisions. The 
results presented in this article show that it is possible that the choice or actual implementation 
decisions might not be consistent with the stated management's vision. These results raise 
several interesting questions for operations strategy researchers: When can we expect a gap 
between the stated operations strategy and actual implementation? If such gaps do exist, how 
can they be reduced? How do such strategy gaps affect firm performance? Are the results 
presented in this paper generalizable to other industries/samples/operating functions? 
The objective of this article was to investigate actual practice and choice in an important 
POM decision area. We have shown that studying operating choices can be a worth-while 
exercise for understanding operations strategy processes. Similar studies should be undertaken 
to further the knowledge of operations strategy process. Further studies are also required to 
validate the results presented in this study and obtain more generalizable results. For example, 
our analysis was based on a relatively small sample size, both in terms of the number of 
respondents and in terms of the industries studied. It is possible that the supplier selection 
process varies from industry to industry and/or within different geographical regions around 
the globe. 
Since this paper was the first attempt to model actual supplier selection process using 
discrete choice analysis and multinomial logit model, we used two levels and only five 
attributes to describe the alternatives (suppliers) to the decision makers (managers). Even 
though the MNL models with two levels generally explain close to 75% of variation in the choice 
processes, they can only be used for “exploratory” type analyses. Supplier selection is a highly 
complex process involving influences from two or more organizations, several 
individuals/departments, and other operating policies. For example, the two levels of quality 
used in this study, “meets minimum quality level” and “far exceeds minimum quality levels”, 
might provide an alternative explanation for Quality's lower utility (b) compared to Cost. It can 
be argued that once the components/raw materials reach the minimum acceptable quality 
level, management's focus often shifts to Cost reduction. Similarly, adding more attributes in 
the experimental design (for example, multidimensional quality attributes ± features, reliability, 
durability, ...of components) might provide additional insights to the complex process of 
supplier selection. 
Appendix 
Goodness-of-Fit Statistics 
An asymptotic t-statistic (similar to a t-test in the OLS regression) can be calculated for  
estimated 𝛽 parameters in MNL model. Several likelihood ratio tests (similar to an F-test in OLS 
regression) can be used to test the overall MNL model. A log-likelihood ratio test is based on 
the differences between the natural logarithm of the likelihood function (Equation (3)) under 
two conditions. First the likelihood ratio is calculated assuming equal probability of choosing all 
the alternatives in a choice set or by assuming all b parameters to be zero. This natural 
logarithm of the likelihood (log-likelihood) value is represented as LL(0). Next, the likelihood 
ratio is calculated again, assuming the estimated 𝛽 parameters. This log-likelihood value is 
called LL(𝛽). Then, the log-likelihood ratio test is defined as 
−2[𝐿𝐿(0) − 𝐿𝐿(𝛽)]                               (𝐴. 1) 
and is 𝜒2 distributed with the degrees of freedom equal to the number of 𝛽 parameters. Other 
goodness-of-fit measures called Akaike Information Criteria (AIC) and Consistent Akiake 
Information Criteria (CAIC) are defined in the following manner: 
𝐴𝐼𝐶 = −2[𝐿𝐿(𝛽) − 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝛽 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 ]                    (𝐴. 2) 
𝐶𝐴𝐼𝐶 = −2[𝐿𝐿(𝛽) − 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝛽 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 (1 + ln 𝑀)]                      (𝐴. 3) 
For a “good” model both AIC and CAIC should be positive [5]. McFadden's 𝜌2 and adjusted 
McFadden's 𝜌2 measures (similar to 𝑅2 and adjusted 𝑅2 in OLS regression) are defined in the 
following manner: 
𝜌2 = 1 − [
𝐿𝐿(𝛽)
𝐿𝐿(0)
]  𝑎𝑛𝑑 0 ≤ 𝜌2 ≤ 1                            (𝐴. 4) 
𝐴𝑑𝑗. 𝜌2 = 1 − [
𝐿𝐿(𝛽) − 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝛽 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠
𝐿𝐿(0)
]  𝑎𝑛𝑑 0 ≤ 𝐴𝑑𝑗. 𝜌2 ≤ 1                   (𝐴. 5) 
For additional information on discrete choice analysis and MNL models please refer to the text 
by Ben-Akiva and Lerman [5]. 
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